Introduction

78
The human brain continuously changes throughout the entire lifespan. These changes partially 79 reflect a normal aging process and are not necessarily pathological 1 . However,
80
neurodegenerative diseases, including dementia, also affect brain structure and function 2,3 .
81
Therefore, a better understanding and modeling of normal brain aging can help to disentangle 82 these two processes and improve the detection of early-stage neurodegeneration.
83
Age prediction models based on brain magnetic resonance imaging (MRI) are a popular trend in 84 neuroscience [4] [5] [6] [7] . The difference between predicted and chronological age is thought to serve as 85 an important biomarker reflecting pathological processes in the brain. Several recent studies
86
showed the relation between accelerated brain aging and various disorders, such as Alzheimer's 87 disease (AD), schizophrenia, epilepsy or diabetes 7-9 .
88
In recent years, convolutional neural networks (CNN) have become the methodology of choice 89 for analyzing medical images. These models are able to learn complex relations between input 90 data and desired outcomes. Recent studies were able to demonstrate that CNN models can 91 outperform complex machine learning models in brain MRI-based age prediction 5, 6 .
92
Although cross-sectional studies have suggested that the gap between predicted and A 1.5 tesla GE Signa Excite MRI scanner was used to acquire multi-parametric MRI brain data,
116
as previously reported 10 . Voxel-based morphometry (VBM) was performed according to an 117 optimized VBM protocol as was previously described 11, 12 . First, all T1-weighted images were 118 segmented into supratentorial GM, white matter (WM), and cerebrospinal fluid (CSF) using a 119 previously described k-nearest neighbor algorithm, which was trained on six manually labeled 120 atlases 13 . FMRIB's Software Library (FSL) software was used for VBM data processing 14 . All (MNI) GM probability template, with a 1x1x1 mm 3 voxel resolution.
123
A spatial modulation procedure was used to avoid differences in absolute GM volume due to the 124 registration. This involved multiplying voxel density values by the Jacobian determinants 125 estimated during spatial normalization. We did not apply smoothing. While VBM smoothing 126 procedures increase the signal to noise ratio, they can affect the features which the network 127 learns from GM.
128
Intracranial volume (ICV) estimates were obtained by summing total GM, WM and CSF
129
volumes.
130
Dementia assessment
131
All participants were monitored for dementia at baseline and following visits to the study center proportional hazards and linearity assumption were met for the Cox proportional hazards models.
195
Python and R were used to perform the statistical analyses 25-28 .
Results
197
The study population characteristics are described in 
358
• Figure 2 : Adjusted survival curves for dementia-free probability by age gap. 
